For ecologists, the challenge at using remote sensing tools is to convert spectral data into ecologically relevant information like abundance, productivity or traits distribution. Among these features, plant phenology is one of the most used variables in any study applying remote sensing to plant ecology and it has formally considered as one of the Essential Biodiversity Variables. Currently, satellite imagery make possible cost-efficient monitoring of land surface phenology (LSP), but methods applicable to different ecosystems are not available. Here, we introduce the 'npphen' R-package developed for remote sensing LSP reconstruction and anomaly detection using non-parametric techniques. The package implements basic and high-level functions for manipulating vector and raster data to obtain high resolution spatial and temporal LSP reconstructions. Advantages of 'npphen' are: its flexibility to describe any LSP pattern (suitable for any ecosystem), it handles time series or raster stacks with and without gaps, and it provides confidence interval for the expected LSP at yearly basis, useful to judge anomaly magnitudes.
Introduction
The development of cost-efficient tools for monitoring the effects of climate change on vegetation and biodiversity has turned into a high priority in natural resources management, conservation and human welfare. In this scenario, remote sensing arises as a powerful tool for vegetation monitoring at large scales (Horning et al. 2010 ). Currently, dense time series of satellite imagery are freely available from missions such as Landsat or MODIS from NASA or the Sentinel from ESA allowing detailed description of natural and anthropogenic landscapes (Petorelli et al. 2014 ).
For ecologists, the challenge at using remote sensing tools is to convert spectral data into ecologically relevant information like abundance, productivity or traits distribution. Among these features, plant phenology is one of the most used variables in any study applying remote sensing to plant ecology and it has formally considered as one of the Essential Biodiversity Variables (EBV's) for species traits' monitoring (Pereira et al. 2013 ). An accurate reconstruction of the annual plant phenological cycle, valuable in itself, is also fundamental for detection and quantification of anomalies on primary production dynamics. From a remote sensing perspective, Land surface phenology (LSP) has been defined as the study of the spatio-temporal development of the vegetated land surface through the use of satellite sensors (de Beurs and Henebry 2005) . Because anomaly detection requires the comparison with an expected pattern, LSP reconstructions should be the base of any study aimed at detecting changes in the spatial or temporal patterns of plant phenology (Hargrove et al. 2009 , Verbesselt et al. 2012 .
In this regard, Verbesselt et al. ( , 2012 summarized the main challenges that LSP reconstructions and anomaly detection have to overcome. First, remote sensing observations are a combination of multiple signals acting at different conditions and time scales, and therefore, the ability of any method to detect a significant anomaly relies on its capacity to differentiate the expected phenological pattern from noise (aerosols, clouds, geometric errors, etc.). Second, change detection techniques should be independent of vegetation-specific thresholds. This means that anomaly detection should be based on the dynamics of the system itself, and not on predefined thresholds. Finally, the method needs to be robust to missing data, which is important for regions where climate prevents periodical records from optical sensors (e.g. at high latitudes).
Remote sensing based vegetation indices such as the Normalized Difference Vegetation Index (NDVI, Tucker 1979) or the Enhanced Vegetation Index (EVI, Huete et. al. 1994) provide multi-year pixel-base time series at high temporal and spatial resolution. LSP reconstructions using vegetation indices time series can be conducted using two approaches. First, by using a theoretical frequency distribution, which is considered an appropriate representation of the expected dynamic of the system. Usually, this is a function with an explicit seasonal component fitted to data using OLS. This theoretical pattern works by assuming that regular, annual waves are a good representation of the plant phenological cycle (e.g. Malo 2002 , Verma et al. 2016 ), which is not true for all ecosystems. However, this approach is the most used in the literature (see de Beurs and Henebry 2010 for a review of LSP methods). The second approach, which we call empirical, uses the observed frequency values, and defines the expected distribution directly from observed data without reference to a theoretical model. The advantage of this approach is its flexibility to adapt to the particular conditions of every site, e.g. arid and semiarid ecosystems where seasonal approaches are not suitable (Beurs and Henebry 2010, Broich et al. 2015) . At the best of our knowledge, this approach has never been used in LSP reconstruction.
Following this empirical approach, here we present a new computational methodology for LSP reconstruction and anomaly detection using remote sensing data, which takes advantage of the flexibility of kernel density estimation to overcome the challenges summarized by . We first introduce the mathematical basis of the method, followed by two examples of different plant phenology regimens and disturbances to demonstrate its performance. To facilitate the application of our method to users, we provide a complete implementation in the R environment: the 'npphen 1.1-0' package.
Methods

LSP reconstruction
For reconstructing LSP, the first step is to estimate the expected value of a vegetation index through the growing season. This in turn depends on the estimation of the probability density function ƒ(x). In our method, we approximate ƒ(x) by ƒ ƒ (x) using a Kernel Density Estimation (KDE) procedure.
Let us define X = (X1,…, Xn), a sample time series containing paired values of a vegetation index (VgI), like NDVI or EVI, and time corresponding to the day of the growing season (ranging from 1 to 365, e.g. Julian day, Fig. 1b) .
For example, if our dataset covers p annual phenological cycles with m observations per cycle, then our time series will contain n=m×p observations (Fig. 1a-b provides a time series example). However, for our method having the same number of points per cycle is not mandatory.
We define ƒ ƒ (x) as the bivariate density function of X estimated bŷ f ( x;H )= 1 n Table 1 . Brief description of the functions contained in the npphen package. Fig. 3d shows the the density kernel plot and anomalies for the year 2012 for a single pixel located at 27.96° S and 71.05° W.
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